The objectives of this study were to determine the fraction of additive genetic variance explained by the SNP from the Illumina Bovine3K chip; to compare the ranking of animals evaluated with genomic-polygenic, genomic, and polygenic models; and to assess trends in predicted values from these 3 models for residual feed intake (RFI), daily feed intake (DFI), feed conversion ratio (FCR), and postweaning BW gain (PWG) in a multibreed Angus-Brahman cattle population under subtropical conditions. Data consisted of phenotypes and genotypes from 620 bulls, steers, and heifers ranging from 100% Angus to 100% Brahman. Phenotypes were collected in a GrowSafe automated feeding facility (GrowSafe Systems, Ltd., Airdrie, Alberta, Canada) from 2006 to 2010. Variance components were estimated using single-trait genomicpolygenic mixed models with option VCE (Markov chain Monte Carlo) of the program GS3. Fixed effects were contemporary group (year-pen), age of dam, sex of calf, age of calf, Brahman fraction of calf, and heterozygosity of calf. Random effects were additive SNP, animal polygenic, and residual effects. Genomic predictions were computed using a model without polygenic effects and polygenic predictions with a model that excluded additive SNP effects. Heritabilities were 0.20 for RFI, 0.31 for DFI, 0.21 for FCR, and 0.36 for PWG. The fraction of the additive genetic variance explained by SNP in the Illumina 3K chip was 15% for RFI, 11% for DFI, 25% for FCR, and 15% for PWG. These fractions will likely differ in other multibreed populations. Rank correlations between genomicpolygenic and polygenic predictions were high (0.95 to 0.99; P < 0.0001), whereas those between genomicpolygenic and genomic predictions were low (0.65 to 0.74; P < 0.0001). Genomic-polygenic, genomic, and polygenic predictions for all traits tended to decrease as Brahman fraction increased, indicating that calves with greater Brahman fraction were more effi cient but grew more slowly than calves with greater Angus fraction. Predicted SNP values were small for all traits, and those above and below 0.2 SNP SD were in multiple chromosomes, supporting the contention that quantitative traits are determined by large numbers of alleles with small effects located throughout the genome.
INTRODUCTION
Beef cattle production in subtropical regions of the United States must rely on cattle that are able to survive, reproduce, and yield meat of excellent quality under hot and humid climatic conditions. Consequently, cattle producers in these regions have made extensive use of crossbreeding Bos taurus breeds to Brahman to create a type of animal capable of coping with these harsh environmental conditions. This has created a large multibreed population of Bos taurus × Bos indi-cus cattle in which Angus has a signifi cant proportion of the represented Bos taurus breeds. As in temperate regions, feed costs represent the largest single expenditure of beef cattle operations in subtropical environments. Even small genetic changes in feed effi ciency will have a large impact on the profi tability of cattle operations. However, the high cost of obtaining phenotypic information for feed effi ciency limits the number of animals with phenotypes. Genotyping information from animals tested in feed effi ciency facilities obtained using highdensity chips could help improve our ability to identify individuals with superior feed effi ciency and growth characteristics. The cost of high-density chips has prevented their widespread use. However, a lower-density chip that is reasonably priced is the 2,900 marker Illumina GoldenGate Bovine3K BeadChip (Illumina, Inc., San Diego, CA; Illumina, Inc., 2011a) . Thus, the objectives of this research were 1) to determine the fraction of additive genetic variation explained by the markers in the GoldenGate Bovine3K BeadChip (Illumina, Inc., 2011a) , 2) to compare the ranking of animals evaluated for 4 postweaning feed effi ciency and growth traits using a genomic-polygenic model, a genomic model, and a polygenic model, and 3) to assess trends in calf genomic-polygenic, genomic, and polygenic predictions for these 4 traits as Brahman fraction increased in a multibreed population composed of animals ranging from 100% Angus to 100% Brahman under Florida subtropical conditions. In addition, we have estimated by cross validation the predictive ability of the 3 models.
MATERIALS AND METHODS

Animals and Data
Standard practices of animal care and use were applied to animals used in this project. Research protocols were approved by the University of Florida Institutional Animal Care and Use Committee (IACUC number D477). Cattle were from the Angus-Brahman multibreed (MAB) herd of the University of Florida, located at the Beef Unit in Gainesville, Florida. Breed composition was used to construct 6 breed groups for mating purposes: Angus = (1.0 to 0. 81 to 1.00 Brahman). Mating followed a diallel design (Elzo and Wakeman, 1998) ; that is, sires from the 6 breed groups (Angus, ¾ A ¼ B, Brangus, ½ A ½ B, ¼ A ¾ B, and Brahman) were mated to dams from all 6 breed groups. Between 3 and 5 sires per breed group were used per year, and at least 1 sire from each breed group was used in 2 consecutive yr to create connectedness across years.
Postweaning feed consumption and growth data were collected from 620 calves born between 2010 (90 Angus, 122 The UFEF used a GrowSafe system (GrowSafe Systems, Ltd., Airdrie, Alberta, Canada) to measure individual animal feed intake in real time. Upon arrival at the GrowSafe UFEF in Marianna, Florida, calves were assigned to pens (108 m 2 /pen; 2 GrowSafe nodes per pen) by sire group (Angus, ¾ A ¼ B, Brangus, ½ A ½ B, ¼ A ¾ B, and Brahman) and by sex (bull, heifer, and steer) subclass. Calves were identifi ed with halfduplex passive transponder ear tags (Allfl ex USA Inc., Dallas-Fort Worth, TX). The mean stocking rate was 15 animals per pen and 7.5 animals per GrowSafe node. Animals were offered a diet composed of various percentages of whole corn or corn gluten, cottonseed hulls, soy hulls, molasses, chopped grass hay, and a vitaminmineral-protein supplement (FRM, Bainbridge, GA) ad libitum. Dry matter, CP, NE m , and NE g were 91.2%, 17.3%, 1.7 mcal/kg DM, and 1.2 mcal/kg DM in 2006; 90.0%, 14.1%, 1.5 mcal/kg DM, and 0.9 mcal/kg DM in 2007; 84.5%, 11.1%, 1.6 mcal/kg DM, and 1.0 mcal/kg DM in 2008; 91.1%, 13.2%, 1.1 mcal/kg DM, and 0.6 mcal/kg of DM in 2009; and 93.1%, 14.7%, 1.1 mcal/ kg DM, and 0.5 mcal/kg DM in 2010. There was an adjustment period of 21 d before each 70-d trial period. GrowSafe software recorded feed intake information in real time. Full BW (kg) were collected every 2 wk.
Blood Sampling and Genotyping
Blood samples were collected at weaning using 10-mL vacutainer tubes coated with EDTA, refrigerated at 4°C, and then shipped to New Mexico State University for processing. Tubes were then centrifuged for 30 min at 1,875 × g at 4°C, and white blood cell supernatant (i.e., buffy coat) was recovered and brought to a volume of 1.0 mL with PBS (Beauchemin et al., 2006) . Subsequently, 0.05 mL of each sample was sent to Gene Seek (Lincoln, NE) for DNA extraction and genotyping with the Illumina GoldenGate Bovine3K BeadChip (Illumina, Inc., 2011a) .
Traits
Traits were phenotypic daily residual feed intake (RFI, kg DM·d -1 ), mean daily feed intake (DFI, kg DM·d -1 ), mean daily feed conversion ratio (FCR, kg DM·d -1 /kg weight gain·d -1 ), and postweaning BW gain during the 70-d feeding trial (PWG, kg). All 4 traits were measured at the UFEF. Intake traits were expressed on a DM basis. The procedure used to compute RFI, DFI, FCR, and PWG was as described in Elzo et al. (2009) . Briefl y, RFI was calculated as the difference between actual DFI and expected DFI (Koch et al., 1963; Archer et al., 1997; Arthur et al., 2001a,b) during the 70-d postweaning feeding trial. Expected DFI for each calf was estimated as a linear regression of its individual DFI on ADG and metabolic midweight (Elzo et al., 2009) . Individual calf ADG were estimated as a linear regression of the BW of each calf on test day during the 70-d feeding trial. Individual calf metabolic midweights were equal to the midweight of each calf to the power of 0.75, where midweight was equal to the linear regression estimate for initial weight plus ADG times 35 d. Mean DFI was the average of the DFI for each calf over the 70-d trial period measured with the GrowSafe system, and FCR was the ratio of DFI to ADG. Lastly, PWG was the difference between calf weights at the end and at the beginning of the 70-d trial.
Statistical Analysis
Genomic-Polygenic Variance Components. A genomic-polygenic mixed model (Legarra et al., 2008; VanRaden, 2008; Legarra, 2009; Snelling et al., 2011) was used to estimate additive genomic and polygenic variance components for RFI, DFI, FCR, and PWG. The genomic portion of the model was based on the BLUP model of Meuwissen et al. (2001) . Fixed effects were contemporary group (year-pen), age of dam, sex of calf, age of calf, Brahman fraction of calf, and heterozygosity of calf. Random effects were animal polygenic (AP; mean zero; variance = A × additive polygenic variance; A = additive relationship matrix with 5,864 animals in the pedigree fi le), additive SNP genomic effects as a function of the number of "2" alleles [AS; mean zero; variance = identity matrix (I) × additive SNP variance ], and residual effects (mean zero; I × residual variance). Variance components and heritabilities were obtained using Markov chain Monte Carlo (MCMC) procedures with option VCE of the program GS3 (Legarra, 2009 ; number of iterations = 120,000; burn-in = 20,000; thinning = 100; correction = 10,000).
Initial values for additive polygenic and residual variances were REML estimates of variance components obtained using single-trait polygenic mixed model analyses for RFI, DFI, FCR, and PWG. The polygenic mixed model contained the same fi xed effects and random effects as the genomic-polygenic model, except for additive SNP genomic effects. The program ASREML was used to perform computations (Gilmour et al., 2006) . Initial values for additive SNP variances were computed as (VGTot) were computed as VAGO + VAPO, and phenotypic variances were computed as VAGO + VAPO + residual variance. Lastly, these variances were used to compute heritabilities and ratios of VAGO to VGTot. Means and standard deviations of all these variances and variance ratios over the 1,200 MCMC samples were computed to obtain estimates of variance and variance ratios and their dispersion for RFI, DFI, FCR, and PWG in the Angus-Brahman multibreed data set.
Genomic-Polygenic, Genomic, and Polygenic Predictions. Option BLUP (Gauss-Seidel iteration; convergence criterion = 10 -4 ) of the program GS3 (Legarra, 2009 ) was used to compute calf genomic-polygenic and calf genomic values for RFI, DFI, FCR, and PWG using the variance components for additive SNP, additive polygenic, and residual effects computed with the genomicpolygenic model above. Calf genomic-polygenic predictions were obtained with the same genomic-polygenic model used to compute variance components as the sum of calf breed effect [= calf Brahman fraction × solution (Brahman − Angus) + calf additive genomic v alue + calf additive polygenic value, where calf addi tive genomic value = SNP ) was used to obtain calf polygenic BLUP for RFI, DFI, FCR, and PWG using single-trait polygenic mixed models. Polygenic BLUP were computed as the sum of calf Brahman fraction × solution (Brahman − Angus) + calf polygenic effects.
The rankings of animals evaluated using single-trait, genomic-polygenic, genomic, and polygenic mixed models were compared using Spearman's rank correlations computed using the correlation procedure (SAS Inst. Inc., Cary, NC). Linear regressions of calf genomic-polygenic, genomic, and polygenic BLUP for RFI, DFI, FCR, and PWG on Brahman fraction of calf were used to assess trends as Brahman fraction increased. Computations were carried out with the regression procedure of SAS. Calf predicted values were plotted against Brahman fractions for each trait and model using Microsoft Excel.
To explore the distribution of predicted SNP values for RFI, DFI, FCR, and PWG across the genome, predicted additive SNP values from the genomic-polygenic model were standardized [i.e., additive SNP values for each trait were divided by their additive SNP SD (SDSNP) = square root of VSNP] and plotted against chromosome number.
Validation of Genomic-Polygenic, Genomic, and Polygenic Predictions. The Angus-Brahman multibreed data set was divided into training and validation data sets. The training data set included data from years 2006 to 2009 (n = 455; 73% of the data), and the validation data set contained data from year 2010 only (n = 168; 27% of the data). Best linear unbiased predictions were obtained with the training data set for all traits (RFI, DFI, FCR, and PWG) using the same genomic-polygenic, genomic, and polygenic models used with the complete data set. Computation of SE of prediction requires the inverse of the left-hand side of the mixed model equations. However, the program GS3 (Legarra, 2009) computed predictions using Gauss-Seidel iteration; thus, the inverse of the left-hand side was unavailable. Consequently, the predictive abilities of each model for each trait for the validation data set were computed using the correlation between predicted genomic-polygenic, genomic, and polygenic values and phenotypes as suggested by Legarra et al. (2008) . In addition, accuracies were computed for each model and trait as predictive abilities divided by the square root of heritabilities, also according to Legarra et al. (2008) . Table 2 shows the posterior means for additive genomic, polygenic, total genetic, and phenotypic variances computed with MCMC procedures from the GS3 program . Table 3 contains the corresponding means for heritabilities and ratios of additive genomic variances to total additive genetic variances for RFI, DFI, FCR, and PWG. In addition, for comparison purposes, Table 2 includes estimates of posterior means for additive genetic variances, and Table 3 presents estimates of heritabilities for these 4 traits using a polygenic model. The posterior means for VSNP were 4.161 × 10 -5 (kg DM·d -1 ) 2 for RFI, 6.682 × 10 -5 (kg DM·d -1 ) 2 for DFI, 29.854 × 10 -5 (kg DM·d -1 /kg gain·d -1 ) 2 for FCR, and 1,132.84 × 10 -5 kg 2 for PWG. Products of these VSNP times Table 2 .
RESULTS AND DISCUSSION
Data
Genomic and Polygenic Variance Components and Variance Ratios
Heritabilities. A summary of estimates of heritabilities obtained for RFI, DFI, FCR, and PWG or postweaning ADG from a number of previous studies is presented in Table 4 . The MCMC heritability of RFI (0.20) was comparable to and the heritabilities of DFI (0.31), FCR (0.21), and PWG (0.36) were somewhat smaller than the REML estimates of heritability for these 4 traits in a 3-herd Angus-Brahman multibreed population in Florida (Elzo et al., 2009) . Similarly, heritability values for RFI, DFI, and FCR were generally less than estimates obtained in Australia (Arthur et al., 2001a; Bolormaa et al., 2011) , Canada (Schenkel et al., 2004; Mujibi et al., 2011) , France (Arthur et al., 2001b) , and the United States (Lancaster et al., 2009; Snelling et al., 2011) . On the other hand, the heritability of PWG was within the range of reported values for PWG (Kriese et al., 1991; Davis, 1993; Davis and Simmen, 2006; Snelling et al., 2011) and postweaning ADG in feed effi ciency studies (MacNeil et al., 1991; Arthur et al., 2001a,b; Schenkel et al., 2004; Lancaster et al., 2009; Bolormaa et al., 2011; Mujibi et al., 2011) . The lower heritabilities of RFI, DFI, and FCR here may be an indication that either that the amount of genetic variability for these traits was less in the Angus-Brahman multibreed herd than in the other cattle populations, perhaps because of the small size of the population, or that environmental conditions in Florida prevented animals from expressing their genetic potential to a greater extent.
Additive Genomic to Additive Genetic Variance Ratios. The trait with the smallest VAGO/VGTot ratio (Table 3) was DFI (0.11). FCR had the largest VAGO/ 1 VAGO = additive genomic variance; VAPO = additive polygenic variance; VGTot = total genetic variance = VAGO + VAPO; PhenVar = phenotypic variance; VGPO = additive genetic variance from a polygenic model; PhenVarPO = phenotypic variance from a polygenic model.
2 RFI = residual feed intake; DFI = mean daily feed intake; FCR = mean daily feed conversion ratio; PWG = postweaning BW gain. VGTot ratio (0.25), and RFI and PWG had intermediate values (0.15). Thus, the 2,900 markers of the Illumina Bovine3K chip accounted for only a small fraction of the total genetic variation for these 4 traits in this multibreed population. Similar studies with the Illumina 3K chip were unavailable in the literature for comparison. However, there were 2 studies (Mujibi et al., 2011; Snelling et al., 2011) (2011) were 0.32 for RFI, 0.09 for DFI, and 0.85 for ADG when 37,959 SNP were included in their random regression BLUP genomic-polygenic model, which was similar to the one used here. On the other hand, Snelling et al. (2011) used a model that contained animal polygenic and animal SNP effects and computed heritability ratios for the animal polygenic and animal SNP effects for the complete set of SNP from the Illumina SNP50 chip used in the study (44,163 SNP) and various subsets of selected SNP. When all SNP were considered, the VAGO/VGTot ratios for all RFI, DFI, and PWG were all equal to 1 (i.e., they accounted for 100% of the estimated genetic variation for these traits), and when only sets of SNP with signifi cant effects (P < 0.0001) were considered, they accounted for 0.22 for RFI, 0.31 for DMI, and 0.27 for PWG. Differences among VAGO/VGTot ratios in these 2 studies may have been due to differences in the number and sets of SNP, different models and assumptions, and differences in breed composition and numbers of animals. These factors may have resulted in different linkage disequilibrium patterns (Snelling et al., 2011) yielding different VAGO/VGTot in the cattle populations used in Mujibi et al. (2011 ), Snelling et al. (2011 , and this study. Except for the VAGO/VGTot ratio for DFI in Mujibi et al. (2011) , all VAGO/VGTot ratios with the Illumina Bovine3K chip in this study were less than those obtained with the Illumina SNP50 chip. Both the lower number of SNP and the larger distances between SNP likely contributed to decrease the fraction of the genetic variance explained by the Illumina Bovine3K chip for RFI, DFI, FCR, and PWG. The decreased linkage disequilibrium between SNP markers and QTL due to the sparseness of the Illumina 3K chip likely affected the 4 traits considered here, thus preventing the genomic part of the model from accounting for as large a fraction of the genetic variance of each trait as that accounted for by the Illumina SNP50 chip.
A large number of SNP markers may be unnecessary to account for most of the genetic variance for a trait. Snelling et al. (2011) computed heritability ratios for the genomic and the polygenic components of their model using various sets of SNP associated with 5 traits, including RFI, DFI, and PWG. They reported that a set of 1,536 SNP strongly associated with these traits accounted for 100% of the genetic variance for these traits. In addition, a previous Australian study using a MegAllele Genotyping Bovine 10K SNP Panel (Barendse et al., 2007) reported that 20 SNP with signifi cant effects accounted for 76% of the genetic variance for RFI in a group of 189 animals of 7 Bos taurus and Bos indicus breeds using regression models with SNP and without SNP effects. Thus, it is conceivable that a low-cost chip with perhaps fewer than 2,000 SNP markers could be constructed that could account for most of the genetic variance for multiple traits. Perhaps initially, SNP that had effects larger than 0.2 SDSNP or sets of SNP that have been found to be strongly associated (Snelling et al., 2011) could be included in this chip. However, to ensure that the set of SNP markers would explain most of the genetic variance, SNP markers in this chip would likely need to be in the QTL or in complete linkage disequilibrium with the QTL (Gianola et al., 2009; Goddard, 2009 ). This chip would need to be tested for its ability to account for the genetic variance in a variety of purebred and crossbred cattle populations. Also, because of population changes over time, this chip would need to be periodically updated and retested. These chips would be second-tier chips in that they would be constructed on the basis of information obtained with high-density chips such as the Illumina BovineSNP50 chip (Illumina, Inc., 2011b) , the Illumina BovineHD chip (Illumina, Inc., 2011c) , or an improved chip with functional information using high-throughput RNA sequencing technology (Canovas et al., 2010) .
Ranking of Animals Evaluated with GenomicPolygenic, Genomic, and Polygenic Models
Spearman's rank correlations among predictions of additive genetic values for RFI, DFI, FCR, and PWG using models containing genomic and polygenic effects, genomic effects only, and polygenic effects only are shown in Table 5 . The highest rank correlations were between predicted values from genomic-polygenic and polygenic models (from 0.95 for FCR to 0.99 for DFR and PWG; P < 0.0001), and the lowest rank correlations were between predicted values from genomic and polygenic models (from 0.42 for FCR to 0.65 for PWG; P < 0.0001). Rank correlations between predicted genomic-polygenic and genomic models were somewhat greater (from 0.65 for RFI to 0.74 for PWG) than those between genomic and polygenic models. The high rank correlations between predictions from the genomicpolygenic and the polygenic models suggest that genotypic information from the Illumina Bovine3K chip had little impact on our ability to identify superior animals for RFI, DFI, FCR, and PWG in the Angus-Brahman multibreed population. The substantially lower rank correlations between predictions from genomic-polygenic and genomic models were a consequence of the low fractions of additive genetic variances for RFI, DFI, FCR, and PWG captured by the 2,899 SNP markers in the Illumina Bovine3K chip. These rank correlations suggest that a genomic-polygenic model would need to be used to account for additive genetic effects and variation not accounted for by low-density chips containing SNP evenly distributed throughout the genome such as the Illumina Bovine3K chip. The low rank correlations between predictions from genomic and polygenic models combined with the low fractions of additive genetic variances accounted for by the set of SNP markers in the Illumina Bovine3K chip indicate that the polygenic model should be preferred. However, considering that rank correlations between genomic-polygenic and genomic models were positive and above 0.6 for all traits, predictions from genomic models might be used for preliminary analyses before computing predictions with a genomic-polygenic (or a polygenic) model for RFI, DFI, FCR, or PWG.
The rank correlations between predictions from a genomic-polygenic and a polygenic model obtained by Snelling et al. (2011) with the Illumina BovineSNP50 chip were 0.99 for RFI, 0.97 for DFI, and 0.95 for PWG. These rank correlations were nearly identical to the ones obtained here with the Illumina Bovine3K chip, suggesting that regardless of the different ranks of accountability of additive genetic variation between the Illumina Bovine3K and BovineSNP50 chip, they had similar overall impact on the ranking of animals evaluated with genomic-polygenic and polygenic models in these 2 studies. Because the goal of genetic evaluations is to select a few animals from a group ranked according to their predicted additive genetic values (Fernando and Gianola, 1986) , these high correlations raise the issue of justifying the additional cost of obtaining genotypes to compute genomic-polygenic predicted values instead of using polygenic predicted values when individual postweaning feed consumption and postweaning BW are available. This situation may change in the future as prices of genotyping chips continue to decrease, making the use of chips denser than the Illumina Bovine3K more widespread, increasing the fraction of genetic variation explained by SNP and decreasing the need for including polygenic effects in genetic evaluation models.
Genomic-Polygenic, Genomic, and Polygenic Prediction Trends from Angus to Brahman
Calves with high, medium, and low genomic-polygenic, genomic, and polygenic predicted values for RFI, DFI, FCR, and PWG existed throughout the range of breed compositions in the Angus-Brahman multibreed herd. As examples, Figures 1, 2 , and 3 show genomicpolygenic, genomic, and polygenic predicted values for RFI for calves ranging in breed composition from 100% Angus to 100% Brahman. Linear regression coeffi cients of calf genomic-polygenic, genomic, and polygenic predicted values for RFI, DFI, FCR, and PWG on Brahman fraction of calf (Table 6) were negative for all traits and effects (i.e., genomic-polygenic, genomic, and polygenic). However, only 50% of regression coeffi cients were signifi cant (P < 0.0311 to P < 0.0001). In particular, FCR regression coeffi cients were nonsignifi cant for genomicpolygenic, genomic, and polygenic effects. For the other 3 traits at least 1 regression coeffi cient was signifi cant. Genomic-polygenic effects showed signifi cant decreas- ing trends for RFI, DFI, and PWG. Trends for genomic effects were signifi cant for RFI and DFI, and polygenic trends were signifi cant only for PWG. Taken together, these trends indicated that calves with larger fractions of Brahman genes tended to be more effi cient (less than predicted RFI and FCR values) and eat less feed (less than predicted DFI values), but they also tended to gain less BW (less than predicted PWG values) during the 70-d feeding trial. This suggests that if the selection objective were to produce effi cient animals with fast postweaning BW gains under subtropical conditions, then a genetic-economic index combining feed effi ciency and postweaning BW gain traits would be an appropriate strategy to achieve this goal.
Predicted SNP Values
Predicted SNP values were small for all SNP and all traits ranging from −1.791 × 10 -3 to 1.728 × 10 -3 kg DM·d -1 for RFI, from −2.188 × 10 -3 to 2.134 × 10 -3 kg DM·d -1 for DFI, from −5.609 × 10 -3 to 6.544 × 10 -3 kg DM·d -1 /kg BW gain·d -1 for FCR, and from −46.972 × 10 -3 to 37.831 × 10 -3 kg for PWG. To compare predicted SNP values across traits, predicted SNP values for each trait were divided by their SDSNP. The SDSNP were equal to 6.450 × 10 -3 kg DM·d -1 for RFI, 8.174 × 10 -3 kg DM·d -1 for DFI, 17.278 × 10 -3 kg DM·d -1 /kg gain·d -1 for FCR, and 106.435 × 10 -3 kg for PWG. The number and percentages of standardized SNP predicted values from the genomic-polygenic model at 0.1 SDSNP intervals are presented in Table 7 . Although most SNP values fell within 0.2 SDSNP for all traits, the number and percentage of SNP for RFI (n = 17; 0.59%) and DFI (n = 12; 0.41%) were substantially less than those for FCR (n = 116; 4.01%) and PWG (n = 144; 4.96%), suggesting the Illumina Bovine3K chip contained a larger number of SNP in linkage disequilibrium with QTL that had greater infl uence on PWG and FCR than RFI or DFI in this Angus-Brahman multibreed population.
To explore the location of SNP with predicted values above and below 0.2 SDSNP, standardized SNP values were plotted against chromosome number (Figure 4 ). There were SNP for RFI with values greater than and less than 0.1 SDSNP in all chromosomes but greater than and less than 0.2 SDSNP only in chromosomes 1, 4, 5, 6, 7, 8, 11, 12, 16, 23, and 24 . Conversely, SNP for DFI greater than and less than 0.2 SDSNP were located in chromosomes 1, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 16, 17, 18, 19, 21, 24, and 28 . Similarly, SNP greater than and less than 0.2 SDSNP were located in all chromosomes but 16, 25, 28, and 29 for FCR and in all chromosomes except for chromosome 16 for PWG. These patterns of numbers and locations of SNP lend support to the usual assumption that quantitative traits are predominantly determined by large numbers of alleles of small effect located throughout the genome (Meuwissen et al., 2001; Gianola et al., 2009; Goddard, 2009 ). An Excel supplemental fi le with the Illumina Bovine3K SNP name, NCBI SNP identifi - 
Validation of Genomic-Polygenic, Genomic, and Polygenic Predictions
Predictive abilities and accuracies (Legarra et al., 2008) of genomic-polygenic, genomic, and polygenic models for all traits (RFI, DFI, FCR, and PWG) in the validation data set are presented in Table 8 . Predictive abilities and accuracies were all low, as expected, because of the small size of the data set available for this study. Values of predictive abilities and accuracies tended to be larger for the genomic-polygenic and polygenic models than for the genomic model. Predictive abilities and accuracies for 2 traits (RFI and DFI) were small and negative for the genomic model. For all other traits and models predictive abilities and accuracies were low and positive. There was no clear advantage of the genomicpolygenic model over the polygenic model, but both models were somewhat better than the genomic model. These results support the need to use chips of greater density than the Illumina 3K chip for genomic predictions in multibreed populations.
Final Remarks
Heritabilities of all traits except postweaning BW gain in the Angus-Brahman multibreed herd were somewhat less than those found in other cattle populations. Genomic to genomic plus polygenic variance ratios with the Illumina Bovine3K chip were mostly lower than those obtained with the Illumina BovineSNP50 elsewhere. This suggests that the Illumina 3K chip should perhaps be used in conjunction with higher-density chips so that genomicpolygenic and genomic analyses could be made on the basis of actual and imputed genotypes. The high correlation animal rankings with the genomic-polygenic and polygenic models and the low rank correlations between the genomic-polygenic and genomic models were likely a consequence of the low fraction of the total genetic variance accounted for by the SNP in the Illumina Bovine 3K chip. Genomic-polygenic, genomic, and polygenic predictions tended to decrease as Brahman fraction increased for all traits, indicating that calves with larger Brahman fractions tended to use feed more effi ciently, eat less, and gain less BW postweaning than animals with larger Angus fractions. Predicted SNP values were small for all traits, and those above and below 0.2 additive SDSNP were located in multiple chromosomes, supporting the assumption of quantitative traits being determined by a large number of alleles with small effect located throughout the genome.
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